The time interval between the aortic (A2) and the pulmonary (P2) components of the second heart sound (S2) is an indicator of pulmonary arterial pressure. However, knowledge of the A2 and P2 components of the S2 sound is difficult to obtain due to their temporal overlap and significant spectral similarity. In this work, we aim to extract the A2 and P2 components from the phonocardiogram to estimate the time interval between them. We attain our objective by first isolating the S2 sound from the phonocardiogram by utilizing the mode complexity of the heart. Then, we assume the statistical independence of the A2 and P2 components and extract them from the S2 sound by the application of blind source separation techniques. Once separated, the time interval between the A2 and P2 components is estimated with a time-centroid-based method. Experimental results using simulated data show excellent performance of the proposed algorithm to extract the A2 and the P2 components from the S2 sound and to estimate the time interval between them. Results obtained from real data are also encouraging and show promise for utilizing the proposed method in a clinical setting to non-invasively tract pulmonary hypertension.
Introduction
Pulmonary hypertension is a complex problem characterized by nonspecific signs and symptoms and having multiple potential causes (http 1). It may be defined as a pulmonary artery systolic pressure greater than 30 mmHg or a pulmonary artery mean pressure greater than 20 mmHg (http 1). Although the cause of primary pulmonary hypertension is unknown, secondary pulmonary hypertension can be attributed to complications of many pulmonary, cardiac and extra thoracic conditions (http 1). The estimated incidence of primary pulmonary hypertension is 1 to 2 cases per 1 million persons in the general population. During childhood, the condition affects both genders equally; after puberty, it is more common in women than in men (ratio: 1.7:1). Primary pulmonary hypertension is most prevalent in persons 20-40 years of age. Secondary pulmonary hypertension is relatively common but is under diagnosed. Reliable estimates of the prevalence of this condition are difficult to obtain because of the diversity of identifiable causes. In persons more than 50 years of age, cor pulmonale, the consequence of untreated pulmonary hypertension, is the third most common cardiac disorder (after coronary and hypertensive heart disease) (http 1).
With the advancement in medical technology, the options for the treatment of pulmonary hypertension have expanded, calling for the development of accurate and non-invasive methods of estimating the pulmonary arterial pressure (PAP) (Xu et al 2002) . However, PAP cannot be estimated by Doppler echocardiography in approximately 50% of the patients with normal PAP, 10-20% of patients with increased PAP and 34-76% of patients with chronic obstructive pulmonary disease because of the absence of tricuspid regurgitation, a weak Doppler signal, or a poor signal-to-noise ratio (Xu et al 2002) . Also, the high cost of Doppler echocardiography prohibits continuous monitoring of the PAP. Therefore, it would be useful to develop costeffective and non-invasive methods to continuously monitor the PAP.
It is well known that the time interval between the A2 and P2 components of S2 increases with an increase in pulmonary hypertension (Longhini et al 1991 , Popov et al 2004 . Therefore, it has been suggested that the A2-P2 interval may be useful in estimating the PAP. However, measuring the time interval between A2 and P2 is not easy because of their relatively short duration (<80 ms) and their significant overlap with each other in the time domain. During inspiration, the two components can be separated from each other by 30-80 ms, while during expiration, they come close together (<15 ms) and S2 often appears monocomponent (Xu et al 2000) . Figure 1 compares a widely splitted S2 with a narrowly splitted S2. Note that it is almost impossible to discern the A2 and P2 components in a narrowly splitted S2.
Xu et al have proposed a time-frequency domain method to isolate A2 and P2 from S2 (Xu et al 2000) . They applied masking to the Wigner-Ville distribution of S2 in the timefrequency plane to estimate the instantaneous frequency and amplitude variation of A2 and P2, which are subsequently used to reconstruct them. The synthesized A2 is then subtracted from S2 to obtain the waveform for P2. However, their method would fail to perform optimally if the instantaneous frequencies of A2 and P2 overlap substantially in the time-frequency plane, because S2 will appear monocomponent in that case.
The objective of this work is to develop an automated method to extract the A2 and P2 components from S2, based on the assumption that A2 and P2 are statistically independent over time. This assumption seems to be valid, because the mechanical activity responsible for the generation of A2 (closure of the aortic valve) is independent of the mechanical activity responsible for the generation of P2 (closure of the pulmonary valve). The assumption of mutual independence of A2 and P2 allows us to apply blind source separation (BSS) techniques to extract them from S2. Once A2 and P2 have been extracted, a time-centroid method, described later, is utilized to estimate the time interval between them. This paper is organized as follows. Section 2 briefly describes the fundamentals of the BSS technique and a simplicity-based approach to efficiently isolate the S2 sound from the phonocardiogram (PCG). Section 3 presents results obtained with simulated as well as real data and section 4 concludes the paper with discussions and scope for future work.
Methods

Blind source separation for extracting A2 and P2
BSS denotes observing mixtures of independent sources, and by making use of these mixtures only and nothing else, recover the original signals (Comon 1994 , Bell and Sejnowski 1995 , Amari et al 1996 . The basic BSS problem assumes instantaneous and noiseless mixing of sources, and it is modeled by a linear relation between the observations x and sources s given by, x = As, where x ∈ R n , s ∈ R m , A ∈ R n×m . We assume that the components of the source vector s are statistically independent and have probability distributions that are not Gaussian except for at most one component. To obtain a unique separation of sources, given a set of mixtures, we assume that m, the number of sources, is less than or equal to n, the number of observations.
The goal of BSS is to estimate a separation matrix W that satisfies WA = PD, where W ∈ R m×n , P ∈ R m×m , D ∈ R m×m , and where P is a permutation matrix that has only one large entry in each of its rows and columns and D is a diagonal matrix. With the separation matrix, we can reconstruct the original source estimates given by y = Wx. Learning W by observing x only requires making use of higher order statistics (HOS). Typically, the separating matrix W is calculated iteratively by optimizing some cost function of the source estimates y (Hyvarinen 1999a) . Presently reported approaches to this problem can be divided into two categories. One category makes use of HOS explicitly (Cardoso 1989, Yellin and Weinstein 1994) and the other category makes use of HOS implicitly through the nonlinearity of neurons in a neural network (Jutten and Herault 1991 , Burel 1992 , Cardoso et al 1994 . In the current work, s ∈ R 2 consists of the A2 and P2 components. The mixing matrix A ∈ R 2×2 is the unknown transfer matrix that causes the mixing of the A2 and the P2 components to yield the S2 sound. The values of the elements of A depend upon the transmission characteristics of human thorax. The observation x ∈ R 2 , contains the simultaneous recordings of the S2 sound from two acoustic sensors. Therefore, our aim is to estimate the values of s given x only.
However, simultaneous recording of the S2 sound from two acoustic sensors also records the first heart sound (S1) that is also multicomponent in nature. The presence of S1 increases the number of unknown mixing sources to more than two and hence makes the BSS problem under determined. Therefore, before we proceed with the extraction of the A2 and P2 components from S2, we must isolate S2 from all the sensor recordings. In the next section, we show how efficient time domain gating of S2 can help us to isolate it from simultaneously recorded PCGs. Once simultaneous S2 sounds have been isolated, the FastICA (Hyvarinen 1999b , Hyvarinen and Oja 1997 , Hyvarinen and Oja 2000 algorithm is used to estimate the independent components of S2, i.e., A2 and P2.
The FastICA algorithm estimates the original independent sources by first whitening the observed mixtures by applying a linear transformation that makes the components of x uncorrelated and unit variance. Whitening facilitates the estimation of unknown independent sources and can be accomplished by principal component analysis projection: v = Zx, with E{vv T } = I, where I is the identity matrix. The whitening matrix Z is given by
is a diagonal matrix with the eigenvalues of the data covariance matrix, C = E{xx T } and U is a matrix with the corresponding eigenvectors of C as its columns.
According to the central limit theorem, the distribution of the sum of n independent random variables, with identical distribution functions, approaches the normal distribution as n increases. We may thus replace the problem of finding the independent source signals by a suitable search for linear combinations of mixtures that maximizes a certain measure of non-Gaussianity. This paper uses kurtosis, which is negative for sub-Gaussian sources, positive for super-Gaussian sources and zero for Gaussian sources, as a measure of nonGaussianity by maximizing the norm of the kurtosis to identify non-Gaussian-independent sources. The FastICA algorithm is a fixed-point algorithm that finds one of the columns of the separating matrix W (denoted by w) at a time and so identifies one independent source at a time. The corresponding independent source is found with y = W T v. Each lth iteration of this algorithm is defined as w * (Hyvarinen 1999b) . To estimate more than one independent solution, the algorithm may be run repeatedly by removing from the newly found solution the information contained in the previously found solutions (Hyvarinen 1999b ).
Complexity-based gating of S2
As mentioned in section 2.1, simultaneous recordings of S2 from two acoustic sensors will contain other heart sounds, including S1 sounds. To extract S2 from two simultaneous PCG recordings, we use a simplicity-based gating scheme to detect and isolate S2. The simplicitybased gating scheme assumes that the human heart behaves like a hidden dynamical system whose evolution in time gives rise to the PCG. Since the complexity of the generated PCG is directly proportional to the complexity of the hidden dynamical system (Nigam and Priemer 2005) , major heart sounds such as S1 and S2, which are simpler in appearance, are generated when the hidden dynamical system exhibits a lower number of states (modes). By measuring the number of states (complexity) of the hidden dynamical system over time, we are able to isolate the time intervals where S1 and S2 occur, because during these intervals the PCG will exhibit lower complexity (higher simplicity). The details of the algorithm to measure simplicity of the PCG over time are given in Nigam and Priemer (2005) . The simplicity profile of a PCG peaks at times when S1 and S2 occur and it is subsequently thresholded to identify these time intervals. Figure 2 compares the simplicity-based gating scheme with a conventional gating scheme that uses Shannon energy (Nigam and Priemer 2005) . Note that while the conventional energybased gating method yields a time gate of duration, T e , which gates only a portion of S2, the simplicity-based gating method gives a time gate of duration T s , which encompasses most of the S2. This is because the energy-based gating method relies upon the amplitude of the signal being gated and tends to gate only that portion of the signal that has significant amplitude. On the other hand, the simplicity-based gating method is invariant to amplitude fluctuations and depends only upon the inherent simplicity of the signal (the number of modes of the hidden dynamical system).
Another advantage of using simplicity-based gating is that simplicity values of S1 and S2 are almost similar in all PCG recordings irrespective of their relative amplitudes, whereas their energy values depend on their absolute amplitudes. Therefore, when either of S1 or S2 is relatively weak in amplitude as compared to the other, simplicity-based gating will still gate both of them correctly, whereas energy-based gating might lose the sound with weaker amplitude. This is evident in figure 2 , where S1 has relatively small amplitude as compared to S2. Consequently, while energy-based gating does not detect S1 (for the given threshold), simplicity-based gating still gates both of the sounds correctly. Due to superior gating performance of the simplicity-based gating method, it is used in this work to gate S2 from simultaneously recorded PCGs.
Let us denote by x 1 and x 2 the outputs of two acoustic sensors recording the PCG simultaneously. Suppose S2 has been time gated based on the simplicity of output x 1 from the first sensor, and on an absolute time (real-time) scale the gate starts at time t 1 begin and finishes at time t 1 end. Then, suppose S2 has been gated based on the simplicity of output x 2 from a second sensor, and on the same absolute time scale the gate starts at time t 2 begin and finishes at time t 2 end. In real time, t 1 begin will not be equal to t 2 begin because the sensors are at different locations and the transmission characteristics of the intervening medium between the sources (aortic valve and pulmonary valve) to the sensors producing x 1 and x 2 are different. However, it may be reasonable to assume that t 1 begin is approximately equal to t 2 begin and since simplicity is amplitude independent, (t 1 end − t 1 begin) is approximately equal to (t 2 end − t 2 begin). If the above assumptions are reasonable, then over the time range t 1 = t 1 begin = t 2 begin to t 2 = t 1 end = t 2 end we have two mixtures of the two signals A2 and P2. Therefore, BSS can be applied to x 1 and x 2 over the time range t 1 to t 2 to separate and find estimates of A2 and P2. Subsequently, the time interval between A2 and P2 can be estimated.
In practice, the acoustic recordings x 1 and x 2 will be contaminated with sensor and environmental noise, which acts as an additional interfering unknown source. Hence, we must use more than two simultaneous recordings to extract the A2 and P2 components from the isolated S2 sounds. Let us assume that we have N simultaneous recording of the PCG, x 1 , x 2 , . . . , x N . Let t i begin and t i end denote the start and end of the time gate enclosing the S2 sound from the ith sensor recording x i . We define two new quantities as
Since the exact beginning and the end of S2 are usually not found in the process of thresholding the simplicity profile, we compensate t begin and t end by delta t and define a new t begin and t end as t begin ← t begin − delta t t end ← t end + delta t.
Subsequently, S2 from x i , denoted by S2 i , is extracted as S2 i = x i (t begin : t end).
Once we have isolated S2 1 , S2 2 , . . . , S2 N , we form a matrix, M, as
Finally, applying the FastICA algorithm on M gives us the constituting independent components of the S2 sound. The outputs of the FastICA algorithm are arbitrarily permuted and scaled. To distinguish A2 and P2 from extracted noise sources, we use the prior knowledge that the lower frequencies of A2 and P2 contain significant energy, whereas noise energy is almost uniformly distributed over all frequencies. Once we have selected A2 and P2, we use a time-centroid-based method to calculate the time interval between them. The time centroid, c x , of N samples of a signal, x(t) is defined as
where T is the sampling time interval. Therefore, if c a is the centroid of the extracted A2 and c p is the centroid of the extracted P2, then the split interval, t s , between them is given as: t s = c p − c a .
Results
Simulation results
To test our proposed method for estimating the A2-P2 split time, the generation and mixing of different heart sounds were simulated. S1 was extracted from a normal PCG that was sampled at: f s = 5 kHz (sampling time T = 1/f s = 0.2 ms). Similarly, the A2 and P2 components of the S2 sound were time segmented from a widely splitted S2 and they were used as templates for mixing. Let us denote by s 1 (t), a 2 (t) and p 2 (t) the templates for S1, A2 and P2, respectively, each with a signal-to-noise ratio (SNR) around 20 dB. However, for low SNR values, wavelet-based denoising of mixtures should be done prior to the estimation of the individual components (Paraschiv-Ionescu et al 2002) . The mixing of these templates to yield the ith recording of the PCG, x i , was obtained with
where t 0 and t 1 were randomly selected from time intervals [280-320] ms and [280-340] ms, respectively. The attenuations, a i , are different mixing coefficients that were also randomly selected. Note that the mixing of various components is assumed to be instantaneous, because at a sampling frequency of 5 kHz and assuming the speed of sound in human tissue to be 1500 m s −1 (http 2), the propagation delay between the semilunar valves and the sensors is about 0.5T s = 0.0667 ms, where we have assumed the distance between the valves and the chest to be approximately 10 cm. Figure 3 shows the S1, A2 and P2 templates used in generating the mixtures in equation (1). Figure 2 shows the simplicity profile of one of the mixtures generated using equation (1) for a split interval of 9 ms. Note that it is almost impossible to discern the A2 and P2 components in the mixture S2. The simplicity profile is used to detect the presence of S2 and obtain estimates of t i begin and t i end. The value of delta t was fixed at 60 ms. A threshold value of 0.4 was used to threshold the simplicity profile to obtain time gates for the S2 sound (Nigam and Priemer 2005) . Finally, the FastICA algorithm was applied to the isolated S2 components from three simultaneous recordings of a PCG to obtain an estimate of the originally mixed A2 and P2 sounds. Figure 4 shows the composite S2 and the estimated A2 and P2 components extracted from three simultaneous recordings of the PCG simulated by equation (1). Note that even for a split interval of 9 ms, the A2 and P2 components are separated. In this experiment, 100 different mixtures were generated according to equation (1) by varying t 0 and t 1 . Figure 5 shows the result of estimating the random split interval between the A2 and P2 components of S2 in each of the 100 experiments by calculating time centroids of the estimated A2 and P2 components. In figure 5 , the estimated split interval between the A2 and P2 components is plotted against the actual time interval between them. As is evident from the figure, most of the points lie along the 45
• line (slope = 0.998), suggesting that in each experiment the estimated time split is close to the actual split time.
A high correlation coefficient of 0.991 with significance p < 0.0001 also indicates that the estimated time interval between the A2 and P2 components is indeed close to the actual time split between them. In order to check the accuracy of the estimated split interval over the range of actual split intervals and study the presence of bias, we plotted the difference between the estimated time intervals and the actual time intervals with respect to the actual time intervals. This process is similar to the well-known Bland-Altman (Bland and Altman 1986) method, where the true values of the quantity being measured are generally not known. However, in our simulation, the actual values of the split time interval are known.
The modified Bland-Altman analysis in figure 6 shows excellent agreement between the estimated time split and the actual time split between the A2 and P2 components using the time-centroid method, with 95% confidence levels (2 * standard deviations) being within 4.95 ms of the mean value of 0.204 ms. The positive bias of 0.204 ms in the estimated time split is too small to affect any medical diagnosis. To verify if the errors in the estimated time split are dominated by errors in estimating the location of the isolated A2 or P2 components, we performed the modified Bland-Altman analysis on the estimated A2 and P2 locations. Figure 7 shows the modified Bland-Altman analysis for the estimated A2 locations where we have 95% confidence levels being within 4.18 ms of the mean value of −0.698 ms. A similar behavior is seen in figure 8 , which shows results of modified Bland-Altman analysis on . Stethoscopes applied to a subject. Note that the stethoscopes obtain the heart sound from multiple locations on the chest and simultaneously provide heart sound recordings.
estimated P2 locations, where we note 95% confidence intervals of 2.80 ms to lie within mean value of −0.902 ms. From figures 7 and 8 we can conclude that the errors in the estimated time split between the A2 and the P2 components are not predominantly due to errors in the estimation of either A2 or P2 component.
Experimental results
We now apply the algorithm to estimate the A2-P2 time split to real data. Figure 9 shows a subject with a harness that applies several stethoscopes to the chest. The stethoscopes were positioned to record heart sounds from pulmonary, mitral and tricuspid auscultatory locations (Tavel 1995) . Four simultaneous recordings of the heart sound were made by using Littmann R electronic stethoscopes Model 4000, the outputs of which were subsequently sampled at a 5 kHz rate using the National Instruments model PCI-6251 sixteen channel and 16 bits per sample A/D converter. Four simultaneous recordings of the heart sound to estimate the A2 and P2 components were used, because attempts to isolate them from two and three simultaneous recordings of the heart sound failed. We attribute this failure to the presence of more than two independent sources (as assumed), such as extraneous noise and other physiological sounds in the recorded heart sound mixtures. Subsequently, the recordings were filtered by applying an FIR linear phase shift bandpass filter of length 300 taps, with a passband from 30 Hz-150 Hz, to remove out of band interference due to breathing and other extraneous noise sources. Then, the S2 sound was isolated from all four recordings using the method described in section 2.2. Subsequently, the FastICA algorithm was applied to the isolated S2 sounds from the simultaneous recordings to extract the A2 and the P2 components. Figure 10 shows the S2 sound isolated from four simultaneous recordings of the heart sound, where we note that it is difficult to discern the A2 and the P2 components within any one of them. Figure 11 shows the four independent components (ICs) Figure 12 . Second heart sound, from all of the four stethoscopes in figure 9 , after bandpass filtering. isolated by applying the FastICA algorithm to the four mixtures in figure 10 . We concluded that the first and the second components are the A2 and P2 components, respectively, because they do not overlap temporally and appear to yield the four mixtures in figure 10 when added together in different proportions. The third and the fourth ICs appear to be a combination of the first and the second ICs plus some other components. This can happen because there may be more independent sources (greater than four) than the number of mixtures. Figure 12 shows another set of S2 sounds that were isolated from four simultaneous recordings of the PCG. Figure 13 shows the result of applying FastICA on mixtures shown in figure 12. We again concluded that the first and the second components are the A2 and P2 components, respectively, due to reasons mentioned before.
Finally, figure 14 shows four simultaneous recordings of the S2 sound that contain widely separated A2 and P2 components, which are clearly visible in the third mixture at 0.10 and 0.16 s, respectively. The estimated ICs are shown in figure 15 , where we note that the first and the second estimated ICs show a peak at 0.10 and 0.16 s, respectively, indicating that these estimated components correspond to the A2 and P2 components as identified in the third mixture. Visually identifying the A2 and P2 components in these experiments can be automated by utilizing information from an additional physiological signal, such as the carotid pulse, whose dicrotic notch always occurs after the occurrence of the A2 component (Tavel 1995) .
Discussion and conclusion
We have presented a BSS-based method to separate the A2 and P2 components of S2 and estimate the time interval between their occurrences. Mutual independence of A2 and P2 was assumed to perform their separation. Simplicity-based gating that is invariant to amplitude fluctuation was utilized to isolate S2 from simultaneous recordings of the heart sound. Experimental results give encouragement to separate the A2 and P2 components even for very small split intervals, because the proposed method assumes no prior knowledge about the overlapping A2 and P2 components except for their mutual independence over time. Moreover, negative split intervals were also correctly estimated pointing toward the utility of the proposed method for estimating the A2 and P2 components in cardiac abnormalities where reverse paradoxical splitting occurs (Tavel 1995) .
However, the output of the FastICA algorithm can be ambiguously permuted and scaled. Although the scaling of the extracted A2 and P2 components does not affect the estimation of the time split interval between them, their permutation can create problems in ascertaining which of the two extracted components is A2 or P2. In normal splitting where A2 always precedes P2, the permutation ambiguity can be resolved by observing the time centroids of the two components. However, when reversed splitting of A2 and P2 occurs, an additional reference such as the carotid pulse must be used. The requirement of an additional sensor to record such a physiological reference signal is a disadvantage in implementing the proposed method in a clinical setting.
We have demonstrated that the proposed method is useful for non-invasively estimating the A2-P2 time gap in a clinical setting. A stethoscope having several miniature acoustic sensors instead of a single diaphragm would replace the sensor harness shown in figure 9 . Then, a dedicated microcontroller can be used to process the recorded heart sounds to extract the A2 and P2 components and estimate the time split between them.
